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Blueprint for today
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What is space 
weather? 

What if space 
weather were an 
exploration, data-
driven science? 

What is the 
impact across 
JPL?
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Critical region: 100-1000 km
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Growth of space weather 
customers
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• Power and energy industry
• Most satellite companies
• All major airlines
• Transportation sector
• Emergency responders
• Drilling and oil exploration

Growth of space weather 
customers
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Extended in Space Weather Forecasting 

Act (2017) - Bipartisan(?!) support
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Universal challenges: 
Evolve traditional approaches
Embrace data-driven discovery
Enable interdisciplinary work



What if space weather were an 
exploration, data-driven science? 
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70,000 full solar images/day

~2.9 petabytes between 2010-
2015
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70,000 full solar images/day

~2.9 petabytes between 2010-
2015

Large volume of data made 
discoverable

Focus on prediction

Close collaboration between solar 
and data science communities
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~6.6 Earth radii
(20,230 km altitude)

Global Navigation Satellite 
System (GNSS) signals for 

Space Science

1000 km

100 km

Ionosphere
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~6.6 Earth radii
(20,230 km altitude)

Global Navigation Satellite 
System (GNSS) signals for 

Space Science

Total electron 
content (TEC)

1000 km

100 km

Ionosphere
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~6.6 Earth radii
(20,230 km altitude)

Global Navigation Satellite 
System (GNSS) signals for 

Space Science

GPS

GLONASS

Galileo
Beidou
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1000 km

100 km

Ionosphere



Data-driven space weather
Two highlights
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Novel approach to space 
weather discovery: 
Network Analysis

1

Machine learning for 
space weather prediction2



Data-driven space weather: 
Network analysis
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What is network analysis?
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Objects are 
called nodes 
or vertices

Lines are 
called edges

Heliophysics & space weather   - Data-driven space weather - Exciting future 



Examples of networks:
Social network

OrgPedia corporate board network (https://bulaza.wordpress.com/)
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Examples of networks:
Social network

Martin Dodge, University of Manchester

1/11/18 McGranaghan: Space weather, data 
science, and JPL 31

Heliophysics & space weather   - Data-driven space weather - Exciting future 



What is network analysis?

1/11/18 32McGranaghan: Space weather, data 
science, and JPL

Heliophysics & space weather   - Data-driven space weather - Exciting future 



What is network analysis?

1/11/18 33McGranaghan: Space weather, data 
science, and JPL

Heliophysics & space weather   - Data-driven space weather - Exciting future 



What is network analysis?

1/11/18 34McGranaghan: Space weather, data 
science, and JPL

In this analysis nodes 
represent grid points

Heliophysics & space weather   - Data-driven space weather - Exciting future 



35McGranaghan: Space weather, data 
science, and JPL

In this analysis nodes 
represent grid points

Heliophysics & space weather   - Data-driven space weather - Exciting future 

What is network analysis?

1/11/18

TEC perturbations 
from GNSS signal data 



36McGranaghan: Space weather, data 
science, and JPL

In this analysis nodes 
represent grid points

Heliophysics & space weather   - Data-driven space weather - Exciting future 

What is network analysis?

1/11/18

Samples collected 
over time
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Visualize the 
connections

What is network analysis?



Network analysis
Degree Centrality

Northern hemisphere Southern hemisphere
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McGranaghan, R. M., A. J. Mannucci, O. Verkhoglyadova, and N. Malik (2017), Finding 
multiscale connectivity in our geospace observational system: Network analysis of total 
electron content, J. Geophys. Res. Space Physics, 122, doi:10.1002/2017JA024202.
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Low space 
weather 
activity

High space 
weather 
activity



Network analysis
Degree Centrality

Northern hemisphere Southern hemisphere

Low space 
weather 
activity

High space 
weather 
activity How connected a grid point is to the rest 

of the network

è Larger = greater influence on network 
function

Heliophysics & space weather   - Data-driven space weather - Exciting future 
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Network analysis
Degree Centrality

Northern hemisphere Southern hemisphere
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Low space 
weather 
activity

High space 
weather 
activity



Network analysis
Degree Centrality

Northern hemisphere Southern hemisphere
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Critical locations of space weather activity emerge from the network measures

Network analysis provides new insight for space weather 

Illustrative of potential for data-driven approaches to impact space weather 
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Low space 
weather 
activity

High space 
weather 
activity
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~6.6 Earth radii
(20,230 km altitude)

Global Navigation Satellite 
System (GNSS) signals for 

Space Science

McGranaghan: Space weather, data 
science, and JPL1/11/18 42

1000 km

100 km

Ionosphere



~6.6 Earth radii
(20,230 km altitude)

Global Navigation Satellite 
System (GNSS) signals for 

Space Science

1000 km

100 km

Ionosphere

Scintillation 
(signal disruption)
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Data-driven space weather: 
Machine learning
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Problems well-suited to machine learning
n Classification
n Event detection
n Clustering
n Prediction

Data-driven space weather: 
Machine learning
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Problems well-suited to machine learning
n Classification
n Event detection
n Clustering
Ø Prediction

Data-driven space weather: 
Machine learning

1/11/18 46McGranaghan: Space weather, data 
science, and JPL

Heliophysics & space weather   - Data-driven space weather - Exciting future 



Step 1: 
Obtain solar, geomagnetic, and ionospheric data
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Step 2: 
Define the task
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Solar wind 
speed 
(km/s)

Solar wind 
magnetic field
Z-component 

(nT)

Scintillation
Coral Harbor 

station
[rad]

Scintillation
Gjoa Haven 

station
[rad]



Step 2: 
Define the task
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Solar wind 
speed 
(km/s)

Solar wind 
magnetic field
Z-component 

(nT)

Scintillation
Coral Harbor 

station
[rad]

Scintillation
Gjoa Haven 

station
[rad]

Given data at current time



Step 2: 
Define the task
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Solar wind 
speed 
(km/s)

Solar wind 
magnetic field
Z-component 

(nT)

Scintillation
Coral Harbor 

station
[rad]

Scintillation
Gjoa Haven 

station
[rad]

Predict scintillation in future



Step 2: 
Define the task

1/11/18 51McGranaghan: Space weather, data 
science, and JPL

Heliophysics & space weather   - Data-driven space weather - Exciting future 

Solar wind 
speed 
(km/s)

Solar wind 
magnetic field
Z-component 

(nT)

Scintillation
Coral Harbor 

station
[rad]

Scintillation
Gjoa Haven 

station
[rad]

Input data -->   yes/no scintillation 

200k training samples
12k testing samples



Step 3: 
Machine learning algorithm for prediction

1/11/18 52McGranaghan: Space weather, data 
science, and JPL

Heliophysics & space weather   - Data-driven space weather - Exciting future 

Support Vector Machine

Electron 
flux

Interplanetary 
magnetic field

Cortes and Vapnik (1995)
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Support Vector Machine

Electron 
flux

Interplanetary 
magnetic field
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Support Vector Machine

Electron 
flux

Interplanetary 
magnetic field
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Support Vector Machine

Electron 
flux

Interplanetary 
magnetic field
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Step 3: 
Machine learning algorithm for prediction
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McGranaghan et al., (2018) in prep.

True label

Predicted label
no scintillation scintillation

no scintillation

scintillation

True
negative

False 
positive

False 
negative

True 
positive



Step 3: 
Machine learning algorithm for prediction
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McGranaghan et al., (2018) in prep.

True label

Predicted label
no scintillation scintillation

no scintillation

scintillation

0.96 0.04

0.30 0.70



Step 3: 
Machine learning algorithm for prediction
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McGranaghan et al., (2018) in prep.

True label

Predicted label
no scintillation scintillation

no scintillation

scintillation

0.96 0.04

0.30 0.70

96%
High accuracy predicting when 
scintillation would not occur

✔



Step 3: 
Machine learning algorithm for prediction
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McGranaghan et al., (2018) in prep.

True label

Predicted label
no scintillation scintillation

no scintillation

scintillation

0.96 0.04

0.30 0.70

✔
70%
Improved ability to predict when 
scintillation will occur indicates 
potential of approach



Step 3: 
Machine learning algorithm for prediction
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McGranaghan et al., (2018) in prep.

-1
Worst

+1
Perfect

Total Skill Score True label

Predicted label
no scintillation scintillation

no scintillation

scintillation

0.96 0.04

0.30 0.70



Step 3: 
Machine learning algorithm for prediction
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McGranaghan et al., (2018) in prep.

Total Skill Score

-1
Worst

+1
Perfect

True label

Predicted label
no scintillation scintillation

no scintillation

scintillation

0.96 0.04

0.30 0.70



Step 3: 
Machine learning algorithm for prediction
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McGranaghan et al., (2018) in prep.

Total Skill Score

-1
Worst

+1
Perfect

True label

Predicted label
no scintillation scintillation

no scintillation

scintillation

0.96 0.04

0.30 0.70
Success of machine learning methods 
requires: 

1. Explicit and well-defined task
2. A large volume of high-quality data 

Data wrangling a significant obstacle 
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S T R E T C H I N G
GNSS SIGNALS
FOR SPACE WEATHER
DISCOVERY

Ryan McGranaghan, Anthony Mannucci
University Corporation for Atmospheric Research (UCAR)

NASA Jet Propulsion Laboratory, California Institute of 
Technology

Brian Wilson, Chris Mattmann, Sujen Shah, 
Huikyo Lee

NASA Jet Propulsion Laboratory, California Institute of 
Technology



What is the impact across JPL?
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Image credit: NASA, technology drives exploration
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The importance of 
WEATHER IN SPACE

and
how data science will help us 

understand it 

@AeroSciengineer
ryan.mcgranaghan@jpl.nasa.gov

What is space 
weather? 

Variations in space 
environment 
Increasingly important 
to our technological 
society 
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The importance of 
WEATHER IN SPACE

and
how data science will help us 

understand it 

@AeroSciengineer
ryan.mcgranaghan@jpl.nasa.gov

What is space 
weather? 

Innovative new methods 
lead to improved 
understanding and 
prediction  

What if space 
weather were an 
exploration, data-
driven science? 
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The importance of 
WEATHER IN SPACE

and
how data science will help us 

understand it 

@AeroSciengineer
ryan.mcgranaghan@jpl.nasa.gov

What is space 
weather? 

What if space 
weather were an 
exploration, data-
driven science? Space weather applications 

promote interdisciplinary 
work and cross-cutting 
capabilities

What is the 
impact across 
JPL?
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Cooperative Programs
for the Advancement of
Earth System Science 

University Corporation for 
Atmospheric Research
(UCAR)

Backup slides
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Ryan McGranaghan
University Corporation for Atmospheric Research (UCAR)

NASA Jet Propulsion Laboratory, California Institute of Technology

Tony Mannucci, Olga Verkhoglyadova, Nishant
Malik

NASA JPL, Dartmouth College

USHERING IN
A N E W F R O N T I E R
IN SPACE SCIENCE
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1. What is space weather? 
2. What if space weather were an 

exploration, data-driven science? 
3. What does this mean to the future of 

JPL? (change how we work, cross-
cutting work, new exploration) 
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WEATHER IN SPACE
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1. What is space weather? 
2. What if space weather were an 

exploration, data-driven science? 
3. What is the impact across JPL?
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What is space weather?
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Repair damaged S/C: $50-70M
Replace commercial S/C: $250-300M
Cost of major power blackout: $4-10B
Extreme storm: $1-2 Trillion

*NRC Severe space weather events report

Economic impact



What is space weather?
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l Heliophysics is a vast and transdisciplinary subject that brings 
together many threads of science

l Space weather importance to audience (make it clear that sp. 
wx. affects all JPL interests)
n Enabling of new missions

vProtect astronauts
vProtect space assets

n Enables use of space

n New data-driven approaches will lead to rapid discovery, new 
capabilities, and improved understanding and ability to operate in 
space as well as a reduction of barriers between interdisciplinary work

HP & Sp Wx introduction
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Six degrees of separation and a 
small world
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New Frontier: Network analysis   - Machine learning   - Exciting future
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Universal challenges: 
Evolve traditional approaches
Embrace data-driven discovery
Enable interdisciplinary work
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TEC	Network	analysis:	Steps
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TEC data
Converted to magnetic coordinates
Accumulated over one hour

One TEC data ‘sample’
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TEC	Network	analysis:	Steps
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TEC data
Converted to magnetic coordinates
Accumulated over one hour

One TEC data ‘sample’

Background level removed to identify 
TEC response to space weather 
activity
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TEC	Network	analysis:	Steps
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One TEC data ‘sample’

Accumulate samples 
over time

Heliophysics & space weather   - Data-driven space weather - Exciting future 



TEC	Network	analysis:	Steps
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One TEC data ‘sample’

Visualize the 
connections

Heliophysics & space weather   - Data-driven space weather - Exciting future 



What is network analysis?
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In this analysis nodes 
represent grid points

New Frontier: Network analysis   - Multi-scale   - Exciting future
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TEC data
Converted to magnetic coordinates
Accumulated over one hour

One TEC data ‘sample’

TEC Network analysis: 
Steps

New Frontier: Network analysis   - Multi-scale   - Exciting future
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TEC data
Converted to magnetic coordinates
Accumulated over one hour

One TEC data ‘sample’

Background level removed to identify 
TEC response to geospace activity

TEC Network analysis: 
Steps

New Frontier: Network analysis   - Multi-scale   - Exciting future
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One TEC data ‘sample’

Each sample binned by 
IMF clock angle

TEC Network analysis: 
Steps

New Frontier: Network analysis   - Multi-scale   - Exciting future
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One TEC data ‘sample’

Accumulate samples 
over time

TEC Network analysis: 
Steps

New Frontier: Network analysis   - Multi-scale   - Exciting future



TEC Network analysis: 
Steps
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One TEC data ‘sample’

Visualize the 
connections

New Frontier: Network analysis   - Multi-scale   - Exciting future



Network analysis
Degree Centrality

BZ

+

–

Northern hemisphere Southern hemisphere
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McGranaghan, R. M., A. J. Mannucci, O. Verkhoglyadova, and N. Malik (2017), Finding 
multiscale connectivity in our geospace observational system: Network analysis of total 
electron content, J. Geophys. Res. Space Physics, 122, doi:10.1002/2017JA024202.

New Frontier: Network analysis   - Multi-scale   - Exciting future



Network analysis
Degree Centrality

BZ

+

–

Northern hemisphere Southern hemisphere

How connected a grid point is to the rest 
of the network

è Larger = greater influence on network 
function
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New Frontier: Network analysis   - Multi-scale   - Exciting future



Network analysis
Degree Centrality

BZ

+

–

Northern hemisphere Southern hemisphere
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Cusp and ionospheric projection of magnetospheric boundary layers different between 
hemispheres

New Frontier: Network analysis   - Multi-scale   - Exciting future



Network analysis
Degree Centrality
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Cusp and ionospheric projection of magnetospheric boundary layers different between 
hemispheres

Vasyliunas, [1979]

Magnetosphere Ionospheric projection
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Cusp and ionospheric projection of magnetospheric boundary layers not as influential in summer 
hemisphere

Dayside is more important to functioning of the network during local winter

New Frontier: Network analysis   - Multi-scale   - Exciting future
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Network analysis
Median Connection Distance
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BZ

+

–

Northern hemisphere Southern hemisphere

Indicates scale sizes of connectivity

è Larger = longer range connections

New Frontier: Network analysis   - Multi-scale   - Exciting future
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BZ
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Northern hemisphere Southern hemisphere

Hemispheric asymmetries clear
Longer range connections in southern hemisphere
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BZ

+

–

Northern hemisphere Southern hemisphere

Hemispheric asymmetries clear
Longer range connections in southern hemisphere
IMF dependency greater in northern hemisphere

New Frontier: Network analysis   - Multi-scale   - Exciting future



Network analysis
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Networks suggest GNSS signals contain information about MI coupling 

New Frontier: Network analysis   - Multi-scale   - Exciting future



Characteristic distribution of GPS 
ground-based receivers
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Network analysis: Steps
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Start with TEC data
(1ox1o geographic coordinates at 5-
minute cadence) converted to 
magnetic coordinates

(a)



Network analysis: Steps
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(a)

Step 1: Accumulate 
TEC data over 1-hour 
time span 

(b)



Network analysis: Steps
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(a)
(b)

Step 2: Re-bin 
according to equal-
area binning scheme

(c)



(b)

(d)
Step 3: Compute 
relative perturbations

(c)

Network analysis: Steps
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(c) (d)

Network analysis: Steps
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(e) Step 4: Assign distribution 
to appropriate IMF clock 
angle bin



(d)

(e)

Network analysis: Steps
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(f)

Step 5: Calculate 
correlation matrix from all 
distributions in each IMF 
clock angle bin



(e)

Network analysis: Steps
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(f) (g)

Step 6: Calculate 
adjacency matrix



(f)

Network analysis: Steps
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(g)

Step 7: Construct 
and visualize the 
network
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How are we carrying out this analysis? 
Hemispheric specific, IMF-dependent TEC (Jan. 2016)

+BZ

+BY

Looking from 
Sun to Earth

Spaceweatherlive.com

Current State   - TEC Network Analysis - Multi-scale FACs   - Future/Discussion 
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Exciting possibilities:
Machine Learning
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Given ionospheric, 
geomagnetic, and 
solar information 

now…

Can we predict 
ionospheric 

scintillation in 
one hour? 

Canadian High Arctic Ionospheric Network 
(CHAIN)  GNSS data

Solar wind data and solar indices

Geomagnetic activity data

t t+1 hour

(+) Scintillation > 0.1
(–) No Scintillation < 0.1

45
Number of features in each data 
sample at t Classify 

Scintillation or not at t+1+/-
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S T R E T C H I N G
GNSS SIGNALS
FOR SPACE WEATHER
DISCOVERY

Ryan McGranaghan, Anthony Mannucci
University Corporation for Atmospheric Research (UCAR)

NASA Jet Propulsion Laboratory, California Institute of 
Technology

Brian Wilson, Chris Mattmann, Sujen Shah, 
Huikyo Lee

NASA Jet Propulsion Laboratory, California Institute of 
Technology



Slide Credit: Peg Luce 2017
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Methane SourceFinder → Machine learning 
for geospace imagery data
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→

Heliophysics & space weather   - Data-driven space weather   - Exciting future 



Methane SourceFinder → Machine learning 
for geospace imagery data

1/11/18 119McGranaghan: Space weather, data 
science, and JPL

→

Task: ID, track, and 
understand Methane 
plumes from flight data
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Methane SourceFinder → Machine learning 
for geospace imagery data
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→

Task: ID, track, and 
understand interesting 
features in imagery data

Heliophysics & space weather   - Data-driven space weather   - Exciting future 



Methane SourceFinder → SSUSI machine 
learning for ionosphere

→

Telling funding point:

Methane SourceFinder project made possible from NASA's 
Advancing Collaborative Connections for Earth System Science 
(ACCESS) 
• ACCESS goal: enhance, extend, and improve existing 

components of NASA’s distributed and heterogeneous data 
and information systems infrastructure

• Enabled work at intersection of Earth Science and Data 
Science

No true parallel program in Heliophysics

Heliophysics & space weather   - Data-driven space weather   - Exciting future 
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Data-driven space weather
What have we learned?
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Data-driven space weather
What have we learned?
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Novel approach to space 
weather discovery: 
Network Analysis

1 Machine learning for 
space weather prediction2
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Data-driven space weather
What have we learned?
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Novel approach to space 
weather discovery: 
Network Analysis

1 Machine learning for 
space weather prediction2
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GNSS signals are capable of being the backbone of the 
space weather observational system

n Coverage and cadence
n Critical ionospheric information 
n Large volumes of data 

What have we learned?
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GNSS signals are capable of being the backbone of the 
space weather observational system

n Coverage and cadence
n Critical ionospheric information 
n Large volumes of data 

Success of ML methods requires: 
1. A large volume of high-quality data 
2. Explicit and well-defined task

What have we learned?
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What have we learned?
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Heliophysics & space weather   - Data-driven space weather   - Exciting future 

Data wrangling a significant obstacle 


